Research to date has provided limited insight into the complexity of water-borne pathogen transmission. Private well water supplies have been identified as a significant pathway in infectious disease transmission in both the industrialised and the developing world. Using over 90,000 private well water submission records representing approximately 30,000 unique well locations in south-eastern Ontario, Canada, a spatial analysis was performed in order to delineate clusters with elevated risk of E. coli contamination using 5 years of data (2008)(2009)(2010)(2011)(2012). Analyses were performed for all years independently and subsequently compared to each other. Numerous statistically significant clusters were identified and both geographic stability and variation over time were examined. Through the identification of spatial and temporal patterns, this study provides the basis for future investigations into the underlying causes of bacterial groundwater contamination, while identifying geographic regions that merit particular attention to public health interventions and improvement of water quality.
Introduction
Any compromise to drinking water integrity poses a serious threat to human, animal and environmental health and is a major health issue in developed nations to this day. Water quality is jeopardised by microbiological and/or chemical agents, water-borne bacteria, viruses and protozoa posing the greatest threat (Charrois, 2010) . In North America, contaminated drinking water is conservatively estimated to cause one thousand deaths and one million illnesses per year (Sierra Legal Defense Fund, 2006) and Europe shows similar rates (Charrois, 2010) . Thus, safety of drinking water is a fundamental public health priority, with drinking water quality management being a crucial component in the prevention and control of waterborne disease (WHO, 2010) .
Specifically, faecal contamination of well water is a serious public health issue, which has been linked to outbreaks of various water-borne infections (Furtado et al., 1998; Raina et al., 1999; Macler and Merkle, 2000; Corkal et al., 2004) . There were 288 confirmed documented outbreaks of infectious enteric diseases in Canadian drinking water with the most common pathogens being Giardia intestinalis, Campylobacter sp., Salmonella and rotavirus over a 27-year period (Schuster et al., 2005) . In 2000, the municipal water supply in Walkerton, Ontario was contaminated with Escherichia coli O157 from manure runoff originating in a nearby farm. It is to date, the largest municipal water-borne outbreak of E. coli O157 in Canadian history and it resulted in at least seven deaths and 2,300 cases of illness (Salvadori et al., 2009) . Since the outbreak in Walkerton, numerous policies and public health actions have been implemented to prevent future outbreaks in municipal water supplies (Ontario Ministry of the Environment, 2009 ). However, the quality and maintenance of private well water systems remains the responsibility of the owner (Kreutzwiser et al., 2011) . In Canada, approximately three to four million, or 1 in 10 persons rely on private well water sources (Statistics Canada, 2011) , which remain vulnerable to contamination and should be properly monitored (Charrois, 2010) . In England and Wales, the incidence rate of intestinal infectious outbreaks in recipients of private water supplies was 35 times that of those receiving public water supplies (Smith et al., 2006) . Within Canada, a study in British Columbia found that the risk of enteric disease was 5.2 times higher for individuals living on land serviced by private wells than those who relied upon municipal groundwater systems (Uhlmann et al., 2009) .
Understanding of the endemic water-borne risks associated with private wells and groundwater is currently lacking (Uhlmann et al., 2009 ). Surveillance of contaminated wells and identification of clusters with a high risk of contamination would allow public health practitioners to better assess and design interventions and aid in the identification of contributing factors leading to contamination. This can be achieved using geographical information systems (GIS) and other spatial analytical tools. For example, spatial clustering can be employed to detect foci of well water contamination. Although many studies have employed the spatial scan statistic to detect clusters of various pathogens in specific geographic locations (Brownstein et al., 2002; Odoi et al., 2004; Coleman et al., 2009; Szonyi et al., 2010) , few have used this method to investigate clusters pertaining to water-borne infections or water contamination in Canada. E. coli is the principal bacteriological indicator used in Ontario to assess faecal contamination of drinking water (Ontario Ministry of the Environment, 1994) and Public Health Ontario (PHO) provides bacteriological testing of private well water samples (as a free service). A previous study of 235 rural wells in Ontario found that 9.5% of households had at least one E. coli -positive water sample (Strauss et al., 2001) .
As the first study to conduct spatial analysis of bacteriological contamination in private well water, we aimed to provide a geospatial description of the prevalence and risk of E. coli contamination in southeastern Ontario for a 5-year period (2008) (2009) (2010) (2011) (2012) . Furthermore, possible geographical trends were explored on a temporal scale and, as private well water contamination is widespread, cluster analysis was performed at the provincial level for 2012 to investigate other regions with elevated risk of E. coli contamination.
Material and methods

Data prepration and GIS
Private well water quality data was compiled from ongoing bacteriological testing at Public Health Ontario Laboratories (PHOLs), resulting in the use of a convenience sample (i.e. routinely collected data that is subsequently used for data analysis not intended at collection). In this case, the submitter is responsible for collection and transportation prior to bacteriological testing. All such data are stored in the Water Testing Information System (WTIS) database owned by PHO. For the present study, all records from samples submitted to the Kingston PHOL (PHOL-K) between January 1, 2008 and December 31, 2012 were retrieved from the database. A 5-year study period was chosen to limit spatial sampling bias, as the convenience sample differed by year. Records that were rejected due to improper sample handling were not included. The resulting dataset contained 107,547 records, however 3,723 had insufficient address information for geospatial analysis and were removed. The remaining records were geocoded as summarised in Fig. 1 using Google Earth™ (Google Inc., Google Earth™ version 5.1, http://www.google.com/earth/index.html) to obtain geocoordinates (geocodes). Google Earth™ only allows input of street address, city and postal code and thus, for the primary stage, city was defined as "city/town/municipality". A secondary stage was performed utilising "county" for the city field. Given the rural nature of the wells, the provided information consisted of hamlets too small to be recognised by Google Earth™ or outdated place names resulting from boundary redefinitions or municipal amalgamations. Thus, geocoding was difficult and the two-step, rather than single-step, Google Earth™ search allowed for an additional 10% of records to be included in the study. This two-step process was then repeated on any non-geocoded records using LIOcoder, a service provided by the Ontario Ministry of Natural Resources (http://www.lio.ontario.ca/liocoder/index.jsp) and then ArcGIS version 10.0 (North America Geocode Service, CAN_RoofTop locator, 2010) (ESRI Inc.; Redlands, USA). To ensure similarity in the geocoordinates provided by the different systems, a pilot comparison of geocoordinates was performed (data not shown). Between each geocoding software stage, manual geocoding was done by matching multiple submissions from the same address. Due to address quality (e.g. spelling or data entry mistakes or incorrect information), the automated systems did not always assign all records from the same address a geocode. Manual matching ensured that once a geocode was identified for an address, all submissions from the corresponding address were given the appropriate geocode. After all stages of automatic geocoding and manual matching were completed, geocoordinates for the remaining non-geocoded records were further determined manually using Google Earth™.
Once the geocoding process was complete, data cleaning methods were undertaken to ensure an address and a set of geo-coordinates had a one-to-one ratio. In some instances, a single geocode was assigned to more than one unique address and these records were removed. There were also cases where a single address was assigned multiple geocoordinates; a custom algorithm was applied to these to determine the most appropriate geocode. This data cleaning was performed first on individual years and then across all years of data, leaving a dataset of 90,149 geocoded well water records. As such, geocoordinates were found for 83.8% of the original 5-year dataset (between 81.0% and 85.6% by year). Table 1 outlines the number of records yearly and overall in the initial and final geocoded datasets, as well as their E. coli positive rates. As shown in Table 1 , between 9,404 and 10,396 unique well locations were identified by year; when combined this resulted in 30,687 unique locations across all years. Greater than 98% of all unique locations were within four public health units (PHUs): Hastings Prince Edward County (HPEC), Kingston Frontenac Lennox & Addington (KFL&A), Leeds Grenville Lanark (LGL) and Eastern Ontario (Fig. 2) . For spatial analysis, E. coli status was determined yearly for unique locations; if a well had an E. coli positive submission in any given year it was designated as an E. coli contaminated well.
J. Krolik et al. -Geospatial Health 8(1), 2013, pp. 65-75 In addition to the 2008-2012 dataset of private well water submissions to the PHOL-K, a second dataset consisting of 2012 well submissions to all the PHOLs in the province was retrieved. Only one year was retrieved, as it was not feasible to geocode 5 years of provincial data. The first round of geocoding was performed (two-step Google Earth™ and manual geocoding of matching addresses) which resulted in 118,503 records geocoded out of an original 185,045 (64.0%). The records represented 51,948 unique locations across the province. However, there was a differential level of geocoding between the PHOLs in the northern portion of the province relative to the southern (60.1% to 70.3% for the southern PHOLs compared to 33.2% to 59.1% for the northern PHOLs). Focusing on the southern portion to ensure sufficient levels of geocoding were met, the expanded geographic region was defined as southern Ontario (Fig. 2) . The final dataset contained 47,048 unique locations (90.6% of all unique locations), which were assigned an E. coli status using the same definitions as the 5-year dataset. 5.21% of unique locations in southern Ontario had a least one E. coli positive result in 2012.
Spatial clustering
SaTScan™ software was used to perform spatial analysis on multiple datasets (M. Kuldorff and Information Management Service, Inc. SaTScan™ version 9.1.1; www.satscan.org, 2013). This spatial scan statistic investigates the occurrence of clusters by using a circular window of variable radius that systematically moves across the map (Kuldorff, 1997). The radius increases from zero to a user-defined maximum limit. This type of spatial analysis identifies clusters by comparing observed cases within the current radius of the window to the number of expected cases, provided they are randomly distributed. The location and statistical significance (P-values) were determined by carrying out 999 Monte Carlo replications, using the Bernoulli distribution (Kuldorff, 1997) . A P-value less, or equal to 0.05, was used for primary clusters for the rejection of the null hypothesis of no clusters; and a P-value of 0.06 was used as the cut-off for secondary clusters, as the P-values generated for secondary clusters are higher. This spatial analysis was performed on datasets for each of the 5 years in the study (2008 to 2012) to identify clusters of E. coli contamination of private wells. Following the individual year analyses, the results were compared to observe temporal trends and variations. For spatial analysis, two different radii of the circular window were used (50% and 5% maximum population). Spatial analysis was also performed to identify clusters on all E. coli positives for the 2012 southern Ontario dataset, but only using 50% radii. All visualization of spatial results and subsequent mapping was done using ArcMap version 10.0. To better visualize the overlapping nature of the 5 year clusters, inner points were removed to clearly compare between clusters. Fig. 3 . Maps of 50% and 5% clusters by year. Purple -2008; Green -2009; Pink -2010; Blue 2011; and Yellow -2012 . Colour represents 50% cluster, while grey represents 5% cluster(s). Numbers mark multiple individual 5% clusters and asterisks denotes secondary 5% cluster. 
Results
The analysis identified a single statistically significant cluster for each of the 5 years when using a maximum population size of 50% within the cluster. These clusters can be observed in Fig. 3 (independently) and Fig. 4 (overlapped) and the corresponding P-values, relative risks (RR) and log likelihood ratios (LLR) can be found in Table 2 . All of the clusters were in the same general region (the southern portion of HPEC and KFL&A PHUs), and the differences among years are visible in Fig. 4 . The relative risks for the 5 years are consistent with a minimum of 1.48 and a maximum of 1.89.
A total of 10 clusters using the maximum of 5% of the population parameter were identified among the five years, with between one to three clusters per year.
Figs. 3 and 4 show these clusters independently by year and overlapped, respectively. Table 2 contains the corresponding P-values and RR. The colour and cluster numbering system is consistent across the figures and table. Two of the clusters (one from 2009 and one from 2010) were secondary clusters with P-values above the standard 0.05 but below the secondary P-value cut-off of 0.06.
There were four distinct geographical regions (henceforth designated by Roman numerals) with significant clusters: (i) the southwestern corner of HPEC (existing for 4 years); (ii) a small cluster to the north of the larger HPEC cluster (existing for 2 years); (iii) a cluster in the south central-west of KFL&A (existing for 3 years); and (iv) one slightly north of (iii) on the border between HPEC and KFL&A (existing for one year). The specific variations in location and size can be seen in the overlapped map in Fig. 4 . For cluster (i) there was minimal variation in RR across the 4 years (2.07 to 2.56). These RRs were similar to those of cluster (iii) and (iv). Cluster (ii) had the highest RR (and smallest size), but there was high variation in risk (3.39 versus 9.22). Six clusters were identified by spatial analysis of the Southern Ontario dataset using a maximum 50% radius; with one of these clusters being a secondary cluster. These clusters are represented on a map of southern Ontario in Fig. 5 with Table 3 containing their respective P-values, RRs and LLRs. The first cluster is in the same region as the 50% clusters identified by the regional analyses. The RR for this cluster was slightly higher than those found previously. Clusters 2 and 3 are both large geographic regions (Niagara and Bruce Peninsula, respectively), with cluster 4 being geographically close to cluster 3.
Discussion
There are health implications with consuming compromised water from rural sources (Raina et al., 1999; Said et al., 2003; Uhlmann et al., 2009; Charrois, 2010) . Previous studies have focused on chemical contaminants such as nitrate, arsenic and pesticides Rudolph et al., 1998; Benson et al., 2006; Knobeloch et al., 2013) or bacteriological quality without spatial consideration Rudolph et al., 1998; Bacci and Chapman, 2011;  Table 3 . Southern Ontario spatial analysis statistical and geographical cluster results (at 50% maximum population).
*Secondary cluster Allevi et al., 2013; Knobeloch et al., 2013; Swistock et al., 2013) . This is the first major bacteriological spatial analysis of private well water submissions. The maximum sample size of previous bacteriological well quality studies was limited to 4,000 wells from the state of Wisconsin (Knobeloch et al., 2013) . Hunter et al. (2011) studied 14,000 private water supplies (servicing less than 50 people) in England and France (2011). Additionally, a study by Perkins et al. (2009) investigated the quality of rural tap water of 5,000 dairy farms in all of southern Ontario using spatial analysis techniques. Conversely, the magnitude of this study is far greater than that of previous work with a total of 90,000 samples representing 30,000 private wells in a subsection of southern Ontario. By combining spatial analyses with a bacteriological quality investigation, and utilizing a greater power of detection, areas of high contamination could be identified. This investigation revealed several clusters with a significantly higher risk of E. coli contamination for private well water submissions at the regional level in southeastern Ontario. One sizeable (at the 50% level) and four smaller distinct (at the 5% level) clusters were observed over the 5-year period investigated (2008) (2009) (2010) (2011) (2012) . Considering that private well water submission locations are not identical per annum, this finding implies that these contamination clusters are spatially stable. Furthermore, this suggests that there are underlying factors that contribute to the higher risk of E. coli contamination in these identified cluster regions.
The 5-year, geographically stable E. coli cluster in HPEC identified by this study was also discovered in a study by Perkins et al. (2009) , which investigated E. coli contamination of rural milk house tap water for the 2003-2004 period. Both Ontario farms and private wells are located in rural areas supplied by groundwater; therefore regional hydrogeology may be a contributing factor to the contamination. The HPEC contamination cluster was located in a limestone region with limited overburden, and previous studies have noted that geologically similar areas have a high susceptibility to contaminants (Levison and Novakowski, 2008; Hynds et al., 2012; Swistock et al., 2013) . Other temporally stable factors have been described as affecting rural water supplies. That are also temporally stable, such as socioeconomic status (US Environmental Protection Agency, 1984; Evans and Kantrowitz, 2002) . Previous studies have also investigated the relationship among education, private well water stewardship and poor outcomes including lack of well disinfection, testing and maintenance (Kreutzwiser et al., 2010 (Kreutzwiser et al., , 2011 . Additionally, physical well attributes could be a factor as previous studies show that poorly constructed, shallower and older wells are most susceptible to contamination Kreutzwiser et al., 2010; Hynds et al., 2012; Allevi et al., 2013; Swistock et al., 2013) . Land use has also been implicated, especially with chemical and microbiological contaminants from agricultural runoff Rudolph et al., 1998; Benson et al., 2006; Allevi et al., 2013) . Consequently, any of these factors may contribute to the clusters observed in this study.
Four distinct smaller cluster regions were also detected, which showed temporal shift and which were not represented every year. This movement and variation of contamination may be attributed to the presence of variable factors, for example precipitation, whose effect would be accentuated by the underlying geology. Since weather events tend to be localised, the cluster patterns observed may be related to the precipitation severity and location for a given year. Other studies have shown that heavy rainfall, when combined with porous underlying geology have adverse groundwater effects (Arnade, 1999; Curriero et al., 2001; Bacci and Chapman, 2011; Hynds et al., 2012; Swistock et al., 2013) . All of the regions identified can be targeted for public health initiatives and interventions to reduce the potential human health risk consequent to drinking well water contamination. This study found three other major clusters (one located in Niagara and two in the Bruce Peninsula) for the southern Ontario region in 2012 in addition to the regional HPEC cluster. A fourth area of two clusters also existed near the Ottawa area; however, these clusters were significantly smaller and had Pvalues several orders of magnitude higher than the rest. A limitation of the provincial analysis was the use of a single year of data. However, our results corroborate a previous spatial analysis study performed on tap water from cattle milk houses in southern Ontario (Perkins et al., 2009) where the same three primary cluster regions (Niagara, HPEC and Bruce Peninsula) were observed. The milk house study was conducted between 2003 and 2004 and used a different sample type (Perkins, 2006) , which further strengthens these findings. A map comparing the clusters detected by this study and the milk house study can be found in Fig. 6 . The provincial results further implicate stable contributing factors to E. coli contamination of rural water supplies. Defining E. coli contamination patterns at a finer scale for the rest of southern Ontario could better inform public health and policy agencies enabling direct interventions such as proper well stewardship, education and surveying.
The water submissions used by this study were a convenience sample and as such some of the samples may have not originated from private well sources but rather from municipal sources or surface water. Additionally, some of the samples may be from well systems with private treatment systems. However, given the magnitude of the sample size, this should not have a significant impact on the results found and both municipal and treated well water would favour the null hypothesis (Uhlmann et al., 2009) .
A spatial scan statistic was appropriately applied to this study given that it is able to utilise point-level data. Other area-based measures of spatial association, such as local indicators of spatial association (LISA), require aggregating the point-level data, which would incur a loss of spatial precision and therefore have less power to detect clusters of contaminated wells. Furthermore, as demonstrated by Song and Kulldorff (2003) , the spatial scan statistic has detection power comparable to Besag-Newell's R and Cuzick-Edwards' k-NN tests, but the power of those tests is highly dependent on the choice of parameter values and perform well when the size or scale of clustering is known. In this exploratory study, we had no a priori hypotheses about the scale of spatial clustering, and therefore these tests would have been inappropriate. A limitation of the spatial analysis software utilised was the circular scanning window as it is possible that clusters exist, which cannot be detected using a circular contour. However the use of a range of sizes of scanning windows minimises this risk (Chen et al., 2008) . Furthermore, while non-circular algorithms have been developed they were not feasible to apply in this case due to the magnitude of data. For example, Tango and Takahashi (2005) developed a flexibly shaped scan statistic, but noted that it had lim-ited power of detection, was unable to identify secondary clusters, and was only appropriate for small to moderate cluster sizes. Therefore a circular scanning window was deemed sufficient as the objective for this study was to identify "hotspots" of contamination. Further studies will be undertaken to more definitively delineate the boundaries of identified patterns of contamination now that the circular scan statistic has revealed the major regions of concern.
One of the many strengths of the study was the high match rate achieved by the unique geocoding process. Rural large-scale investigations at the address level are infrequent given the labour intensive nature of the geocoding processes involved. Rural addresses are complicated and multifaceted especially in North America where major changes to address systems are underway (Goldberg, 2008) . This study successfully geocoded 90,149 private well water addresses to 30,687 unique locations out of 107,547 private well water submissions for the 2008-2012 time period obtaining a match rate of 84%.
The consumption of compromised water is a global threat to human health (Furtado et al., 1998; Raina et al., 1999; Macler and Merkle, 2000; Corkal et al., 2004) . This paper demonstrates that 5.2% of wells tested in Southern Ontario in 2012 had at least one E. coli -positive result. Protecting rural populations (30% of Canada) from water-borne illness requires a prior knowledge of at risk regions. The findings of this study substantially extend the current private well water research both nationally and globally by demonstrating the presence of E. coli contamination hotspots. Furthermore, the methodologies used in this study can be applied to any region where private well water sources are prevalent. For example, in the United States alone, private wells supply drinking water to 13 million households (United States Census Bureau, 2010) and in Ireland, 17% of the population rely on private groundwater sources (Hynds et al., 2012) .
Generally, public health spatial analysis studies have utilised single time frames (Odoi et al., 2004; Green et al., 2006) . A study by Pearl et al. (2006) , noted the importance of differentiating between time periods to track any contamination patterns and elucidate underlying causes. This study spatially analysed the regional dataset individually by year and compared results across the 5-year time frame. Therefore we identified both spatially stable and variable clusters that assist with future proactive investigations into possible contributing factors to faecal contamination of private well water sources with the hope that preventive strategies can be discovered and applied.
Conclusion
We have demonstrated the existence and extent of a persistent drinking water quality issue in Southern and Southeastern Ontario that suggests the presence of underlying factors. The spatial analytics applied here cannot reveal the specific primary and contributing mechanisms of E. coli contamination, but can provide the groundwork for future investigation.
